The complex process of genome-scale metabolic network reconstruction involves semiautomatic reaction inference, analysis, and refinement through curation by human experts. Unfortunately, decisions by experts are hampered by the complexity of the network, which can mask errors in the inferred network. In order to aid an expert in making sense out of the thousands of reactions in the organism's metabolism, we developed a method for knowledge-based generalization that provides a higher-level view of the network, highlighting the particularities and essential structure, while hiding the details.
Introduction
In this work we attempt to resolve the apparent conflict between the very detailed description of metabolic networks that are needed for accurate computer simulation, and the higher-level abstract views of the network that are needed by their human curators. Genome-scale metabolic networks are complex systems that describe thousands of reactions participating in the organism's metabolism. Human curators, who generally speaking understand best networks that have hundreds of reactions, are distracted by these details and cannot easily identify the reactions that require their intervention. An appropriate level of abstraction needs to be found to allow experts to explore and compare whole genome networks. This is even more important as metabolic networks for more and more organisms are being inferred and stored in biological network collections, such as the Biomodels database 1 and BiGG 2 . During the process of network reconstruction, their reactions are semi-automatically inferred from pathway and reaction databases such as KEGG 3 and Reactome 4 , and from existing networks for similar organisms using genomic data 5 . The inferred draft network is then refined during several iterations of error detection, gap filling, analysis and improvement 5, 6 . Examples of network inferring tools include Pathway Tools 7 , IdentiCS 8 and MetaNetX.org 9 . Even though automatic tools for network inference and analysis are becoming more powerful, analysis by a human expert remains necessary. A human expert in organism-specific metabolism can find erroneous reactions in the draft network, and add organism-specific ones that could not be inferred automatically. But since genome-scale networks are tailored for computer simulation, and thus include all the reactions thought to participate in the organism's metabolism, these networks are quite complicated and errors may be hidden in the multitude of reactions.
To help a human expert in understanding these detailed networks, we developed a method for knowledge-based generalization (in prep.) that focusses on the higher-level relationships in the network, while omitting the details. The goal of this manuscript is to evaluate this method.
Network generalization method
The generalization method operates on networks in SBML 10 format. SBML elements include biochemical species present in the network, reactions between them, and the compartments in which they are located. SBML allows annotation of its elements with ontological terms, e.g. species can be annotated with the ChEBI ontology 11 indentifiers.
The Enzyme Commission number (EC number) is a top-down hierarchical classification scheme for enzymes, based on the chemical reactions they catalyse. 12 In theory, climbing the classification hierarchy up to a higher level of abstraction for the reactions present in the network would suffice to generalize the network. Unfortunately, many of existing networks lack EC number annotations. Consequently, our method groups reactions in the network based on the biochemical species they operate on.
The method first groups the species present in the network into semantically equivalent classes. The appropriate level of abstraction for those classes is defined by the network itself as the most general one that satisfies two restrictions:
(i) species that participate in the same reaction cannot be grouped together (to preserve the stoichiometry of the reactions in the network), (ii) species that do not participate in any pair of similar reactions are not grouped together (as there is no evidence of their similarity in the network). Fig. 1 . The generalization method divides the species into ubiquitous (black) and specific, and then generalizes them based on the hierarchical relationships in the ChEBI ontology, and reactions they participate in. The reactions between equivalent species are grouped together into a generalized reaction.
Applications
In order to demonstrate how the generalization method helps to detect problems and particularities in metabolic networks, we applied it to 1286 metabolic networks that describe the same process in as many different organisms. For our evaluation we chose fatty acid metabolism, both because it is a well-studied target for biotechnology applications, and because its presence or absence in different phylogenetic clades is generally known. We downloaded the networks that describe fatty acid metabolism from Path2Models project. Path2Models is a branch of the Biomodels database, that stores networks that were automatically generated from KEGG pathways.
The process of beta-oxidation of fatty acids 14 repeats four main steps: A long chain of reactions, repeating these four steps again and again while transforming a long chain fatty acyl-CoA into a short chain one, becomes a cycle in a generalized network: the reactions operating with the fatty acyl-CoA species of different carbon chain length, corresponding to each of the steps, are factored together into four generalized reactions (see Figure 2 ). Among the 1286 networks that have been generalized, 243 do not have the betaoxidation pathway at all, and 124 have the complete beta-oxidation cycle present.
Missing steps
If an enzyme catalysing some of the reactions is missing in the network, then the generalized representation is not a cycle any more. For example, if EC 1.1.1.35 is missing, the whole group of oxidation reactions participating in the network is eliminated, breaking the cycle (see Figure 3 ). This is more evident on a generalized network than on an initial one, where the absence of these reactions might be hidden by the abundance of other reactions. Among the generalized networks, 128 have one step missing, 95 of them miss oxidation, 23 lack dehydration, 8 do not have hydration, and only 2 (BMID000000046743 and BMID000000129004 ) miss thiolysis. As the most of the beta-oxidation pathway is present, it is probable that the absence of this step is an error in the reconstruction process. For example, in network BMID000000136479, which represents fatty acid metabolism in the yeast Yarrowia lipolytica (strain CLIB 122/E 150), the oxidation step is missing ( Figure 3) ; while in the generalized network of the curated genome-scale network of the same strain of the same organism MODEL1111190000 15 , the beta-oxidation cycle is complete ( Figure 4) . By helping to draw the curator's attention to such missing steps, generalization can improve the speed and accuracy of network curation. Generalization can highlight missing steps by showing broken cycles, but also by showing changes in the path profile, the number of grouped reactions along a path (Figure 3) .
On the other hand 145 networks have two steps missing, and 646 have only one out of the four generalized reactions present.
Alternative steps
In addition to missing steps, the generalization of the network can highlight alternative paths that may be shortcuts or represent substrate specificities. It is important that such paths not be hidden in the generalized network, as they are often the cases that require the human expert decision as to whether these alternatives appear due to an error or to an organism-specific adaptation.
In the case of beta-oxidation, an example of reaction variations are two versions of the oxidation reaction that use different ubiquitous species, as shown in Figure 5 . Among the networks that we analysed, it is the only reaction that may have variations within the same network, indeed, 168 out of 170 networks that have the oxidation reaction present, have it in two versions.
Complete statistics on missing and alternative beta-oxidation steps in the analysed networks are shown in Table 1 . Changes in the numbers of grouped reactions in a profile path can also be used to evaluate alternative paths (data not shown).
Comparing generalized networks
By abstracting detailed networks, generalization makes it easier to compare them at different scales of divergence. Since each generalization is maximal, as determined by the actual reactions and biochemical species in the network, it masks unimportant differences in the intermediate levels of the ontologies of chemical entities and reactions. Restrictions i and ii (section 2) guarantee that any differences between two networks that remain after generalization result from real differences in their network structure. Furthermore, generalization makes these differences stand out from the structure of the conserved generalized network.
For example, comparing the standard beta-oxidation pathway ( Figure 2 ) and those for Y. lipolytica (Figure 4) and B. thailandensis ( Figure 5 ) very clearly shows the specificities of the two latter networks, as well as the biochemical species that prevent generalization. In Y. lipolytica C24:0-CoA is specially handled by specific acyl-transferase and fatty acid oxidation enzymes; in B. thailandensis a specific dehydrogenase is used for oxidation in one case out of six.
To explore the effect of network generalization on a broad evolutionary scale, we first mapped the 1286 networks to the NCBI taxonomy database 16 and compared beta-oxidation pathway configurations between superkingdoms (Tables 1 and  2 ). The analysed networks represent fatty acid metabolism in 138 eukaryota, 1045 bacteria and 103 archaea species.
The percentage of species for which the four-step beta-oxidation of fatty acids is not present, or only one out of the four reactions is available (thus most probably used in a different pathway) is similar (about 60%) for all the superkingdoms. The case when the complete cycle is present diverges more. The complete cycle appears in some eukaryota and bacteria, but not in any of the 103 analysed archaea networks. This situation is supported by the MetaCyc pathway database 17 : The dehydhydoxithionumber of ration ration dation lysis all networks eukaryota bacteria archaea To further explore how generalization can help compare networks across evolu-tionary ranges, we considered the beta-oxidation pathway in 47 fungal species (Table  3 ). The first striking result is that the KEGG pathway method used by Path2Model seems to systematically miss the oxidation enzyme (column 3), since it is absent for almost all fungal networks yet fatty acid metabolism is a very common pathway. The second is that dehydration and thiolysis enzymes (columns 1 and 4) are almost always present, which is surprising, but since these are large classes of enzymes that are present in other pathways, perhaps many of the enzymes in these columns are misassigned to this pathway. What remain are the hydration enzymes (column 2), which show some variation between the networks in Table 3 . In many cases these enzymes are absent in known pathogens, such as the Candida, which hints that these species may obtain the fatty acids from the host rather than through synthesis. However, the systematic biases seen in the other columns make it impossible to find the correlated gene losses that are the hallmark of missing pathways. Significantly, this shows that network generalization is an excellent tool for abstracting networks from very different lifestyles up to a comparable level of complexity, that directly reveals species-specific differences and systematic biases. These are precisely the clues that human curators would need in order to judge to what degree the beta oxidation pathway is present in each of these species.
Discussions
Using our network generalization method we have studied 1286 networks describing metabolism of fatty acids in as many organisms. Generalization helps a human to understand, compare and classify those networks. Providing a higher-level view of the network by factoring the abundance of similar reactions, it allows for easier comprehension of the general network structure, and highlights possible problems and organism-specific particularities. Generalization highlights potential errors in inferred draft networks, exposes specific absences or alternatives, and makes it possible to compare networks between species, clades, and kingdoms at a higher level of abstraction.
Generalization can also help in finding a standard template for a pathway, using which curators can analyse this pathway in the organism of interest. In our example, the complete beta-oxidation cycle without alternative steps, served a a standard template.
We have studied the correlation between differences in the generalized networks, and their belonging to one of the three superkingdoms: eukaryota, bacteria or archaea. Our method highlighted known tendencies of these superkingdoms, such as the absence of beta-oxidation in archea. However, a far more interesting goal is to understand the differences between networks of closely related organisms, in order to study the connection between the differences in generalized metabolic properties of organisms and the differences in their physiology in more refined details, comparing phylogenetically close species, or even different strains of the same organism. Network generalization will expose the absent reactions or the alternative paths Knowledge-based generalization of metabolic networks: a practical study 13 
